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A RSSRP_YOLOv8-based method of detecting the rice
seed-setting rate on detached rice panicle

ZHANG Wen, LI Yinian,HE Ruiyin* ,LU Jing, DING Qishuo

(College of Engineering/Key Laboratory of Intelligent Agricultural Equipment of Jiangsu Province,
Nanjing Agricultural University, Nanjing 211800, China)

Abstract : [ Objectives ] Detecting the seed-setting rate of detached rice panicle samples is a tedious laboratory work in rice breeding.
Pre-treatment with threshing causes damage to rice panicle,thus challenging the reliability of the assessed results. Therefore, this study
aimed to develop an improved YOLOv8s-based rice seed-setting rate detection model, i.e. rice seed-setting rate on panicle using
YOLOv8 (RSSRP_YOLOv8). [ Methods ] The model was optimized by incorporating the concept of a lightweight CNN-based cross-scale
feature fusion (CCFF) to restructure the original model’s neck network,leading to reduced model size and computational complexity
while improving detection efficiency. The grouped shuffle convolution (GSConv) was applied to replace standard convolutions in both
the model’s backbone and the optimized PAN-FPN structure’s down-sampling layers, which enhanced the extraction and integration of
rice grain features and improved recognition accuracy and efficiency. An innovative dynamic up-sampling module ( Dysample) was
introduced to replace traditional up-sampling methods, resulting into enhanced multi-scale feature fusion and processing capability and
thereby improving the reconstruction of rice grain feature details and recovering features in complex scenes. [ Results ] The RSSRP _
YOLOv8 model achieved a mean average precision (mAP@ 0.5) ,precision and recall of 98.2% ,95.6% and 94.2% ,respectively ,using
the test set, and related improvements were 0.7% ,0.6% ,and 0.3% as compared to the original model. The model’s floating-point
operations and size were reduced by 26.2% and 42.2% , respectively, as compared to the original model. The detection frame rate
reached 64.9 f-s™'. Validation on 1 100 original rice panicle images from five rice varieties showed that the average absolute error
(MAE) for detecting actual grains,empty grains,and seed setting rate were 2.09 grains, 1.77 grains,and 0.92% ,respectively, with seed
setting rate detection accuracy exceeding 99%. The mean absolute percentage error ( MAPE) was 2.27%,4.39% and 1.42%,
respectively. [ Conclusions]This method enables non-destructive detection of the seed-setting rate in detached rice panicles, providing
technical support for seed-setting rate detection in detached rice panicle samples in rice breeding research.
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Fig. 1 Rice panicle image acquisition platform
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SPPF 725 0] 4 FF R MALAHE ; Cony 1x1 24 1x 1 i IB JHHE AN ; Dysample 7R 81748 L RAERBLHL ; Concat 278 5K & PFHE ; Detect Ak
3k ; CBS A R+ FRiELL + 3T PRI BatchNorm /R AREHAL B ; Maxpool 71 fie At 46 5 SILU 2 83 PR Bbox. Loss Al Cls. Loss 73331 i1
FAEFR FN 532545125 . SPPF represents spatial pyramid pooling module; Conv 1x1 is the 1x1 channel adjustment convolution ; Dysample represents
dynamic sampling module ; Concat represents tensor concatenation; Detect is the detection head; CBS is convolution + normalizxation + activation
function ; BatchNorm refers to normalization ; Maxpool represents max pooling operation; SiLU is the activation function; Bbox.Loss and Cls. Loss are

bounding box losses and classification losses , respectively.

2.1 RERHEREHIRAZH CCFF( CNN-based cross-scale feature fusion)
R 1 2 SR A DN AR A H AT AL AT 4 Rk R B N FH AT BB AR S A S R i s N R IE il 5 46
¥4 CCFF A SEAHTE R T YOLOvVSs JFUf M 25458 i Neck #B43 ) PAN-FPN 2544, 51 A 1x1 HRUZ X5



934 [EZI S S A NI S 55 49

FERLARFIE P A TR AR R 40 5 78 e, 9/ KR AT e 3 0 0, S R AR R R TR A I T A 8 A B 5 3 e 2
o T 4 A AR TR AR H i B A | SR THAG IR . CCFF 85 N AE Rl A A R 45 4y 7R B A0 81 5 BT | %
Bt F7F RT-DETR A8 F) S R0R & i 2% (efficient hybrid encoder) R gt ds 60 & 3 FrHEE N
TR EERFEAE B AR EL ATFI attention-based intra-scale featurelnteraction) #1 CCFF, AIFI B8 3 — 4~ 5 )
& Transformer 4ifid# %128 H Backbone [ =1 2R EFE K] S5 #E47 A B, JEF 1 B 1 55 7 L] 35 558 R AF 1]
= EUE U B FRIAHE ST ; CCFF 2544 H 1 R AE (upsample ) . T RAE (downsample) (1x1 B 2Rl &
B (fusion block ) SFMEE L Y, ZHENA BT 2 4~ 1x1 BROR BB, @ N 1 RepBlocks #E174F
LR G, 20 R EAHMARAE (element-wise add ) 5 A [ BE AR B FRAEAS Bl G . CCFF 45 #4250 i 8 1
PAE RS T 4 AIFLALBEAY FS RHEEI LK K F Backbone 19 S3 il S4 FRIEIEIRFIE , k35 48 2 B RPAIE
FIRBE I ML AR RR

Fusion block

upsample

downsample

c! c Fusion \
; Conv 1x1 ;
! C !
| Nx q E )
C! C !
3 C Rt |

______________________________________________ N
| R A T R R SRR R A 4 E
| Efficient hybird encoder i CNN-based cross-scale feature fusion ;
I }
: . == \ i
| et |
| I
I -—— ! 3 |
i ] F5 CCFF i @[n&le] E
[ ! |
) Fusion < ! |
" BERENEEEENE I | 4 —( Fusion | | | [downsampid E
AR RARA AN | —~O |
i ATFI . | com ( IT !
: T T l—]— : Iz | Fusion :
i T T A L T [T T‘ [ ‘T T‘ T Fusionr’@> i upsanile] E
_______ o ! [
T TR | l

: S3— Fusion @m@ E

i 8 > o J/ E

I I

aw | | L T |

S4 Fusion E ZURER i

| |

! [

| I

: I

| E

! |

| |

: |

| E

| I

| i

BE5 CCFF &REHE
Fig. 5 CCFF module structure diagram

AWFFEAE S CCFF W28 540 FA RIS M 2% SR RN (1) it 51 1x1 B RRUZ X R AR AR (&
HEFTRRIE R4 578 4 FR i i Rl 1 FERC R P (0 38 G A, AR T B A B /8 i i) Pl i Ze M
ANTRlEE S T A T AR RLRRAE AR B o 2) d i 454 B 2 ORI RS TR A s S A,
P 1 REREAG I A | A A R B ED P R i A AT SR S T N TR RE
2.2 SHERERER GSConv

Ji 4 PO 248 BB el R B AR e BRI EA TR SR BB S il 38 AR A R B AT A B R 2% R
PRI 2% rhi AT IR AR BUREHE GSConv SRALALBIRY  IFXT Neck #8743 1Y N RAEFR HEAS R T 46, AR
THAPRLRRAE AR B A9 TU A BE, i 7 80 A R AR £ i #2 . GSConv A58 32 %2 1 AR ME 45 B SC ( standard
convolution) VR 1] 4325 B FH DSC ( depth-wise separable convolution) | Concat #5HFI3E 18 IR PYEAR R (shuffle)
SELIRL, AN 6 Fs o BB ARHIE RUEE RO, C, W BRRHE R IEECY C, , 3 i X iy AR AT hR
GRURIRBE AT 43 B S B E 15 28 BRI C,/2 MR R RUETARRAE B R 2 ANFRRIE B T PR 15 2158
EHCH C, PHERME R, 28l B IR VR BEEECN ¢, MIEFRHER . GSConv 45 FREIHR H]
GREE ] 7 B BRI U2 G A 20, Tl TR BE W] 0 B B AR AT 0 S 2 B e b e B AR 2 it oh T
TRIET] 3 2 A AR R IBORN Rl -5 B8 ) 583 T3 G TR 31 A A1 74 [ /880, 1R P 308 168 YR ks SR s A AN ) 3 3 52
{2 Conv BEHRA DWConv FBEHLIFHENS S . FiE GBI GSConv, RUEE L SC R EE W] 43 85 5 1



a4 TkAa 45 ET RSSRP_YOLOvS HY B AR FE R 435 S A0 I Jy 12 935

DSC ) GFLOPs THEA 4 n=0 (1) —=R(3) FirR .

GFLOPs=W-H-K,-K,-C,-C, (1)
GFLOPs, =W-H-K,-K,-C, (2)

c
GFL0P32=W-H-K1-KZ-EZ(C,H) (3)

K : GFLOPs (GFLOPs, \GFLOPs, 33109 AN [f) 48 BB B 3 i 586 W H 73 5 26 7 A 181 5 B R sy
K, - K, Zm BRI €, R Nl iE R ; €, Fm i Rk IR 4L

W

9

U AR VS B B PRt B

| Grouped shuffle convolution module Standard convolution module

! 1
input |

input C, channels

‘C1 channels

SC

C,/2 4 from output
! B 2 2 , G, i
e — .’ o kemelz ) kemel C, C, channels !
t channels C, channels

Concat

LA Sy B BT
! Depth-wise separable convolution module
1
H input kernel 1
| C, channels single channels output
shuffle b C, channels
. 4
£
E C, channels
output 0 @R T

kernel_C, kernel 2
single channels | single channels |

6  GSConv IR HIE
Fig. 6 GSConv module structure diagram

RGBT GSConv 51 AMZEAERL JE A0 T . 1) GSConv % FH AR HE 5 FLUFNR B 0] 43 B 45 AL
A7 b 1 RERERRL R RAIE TCAY , S P B RS RER PR Y 2 RUBERRAE , I8 5 1 1 YR VR SN 3 R A7 2
AIFRI, 35 T FEREAT AL OIS BE . 2) (5 S AL B2 18, GSConv 38 4 25 [A] v 7 77 fin s AA S BLURRAiE A
Sy BERY [, A a3 SRR IR 1 5 TR T i g S S AR SR, s T A A BT AR
KLY PUINEE ST o 3) 3l 3d GSConv BAMESGE T RAEARMEG N, FTAHORF R IF 18] 19 S B 55 b B L3 J2 R iE
Fl A SRS LA TR TR R TR = T E R RL A A A
2.3 B _ERIFEIR Dysample

T8 F ARSI S5, FFAE b SRS 2 HE PO RS Y v AP K SRR AR 0 B B GBI R W Y EoR AT
EALEALGE FRAEJ5 1 (B il &R 4 (B R MR AR (B 55 ) LR T WAL Y 3h 25 B RAEREHL (CARAFE 4%)
YOLOV8 2K FH e SRR E - RAE 5 e ARRAE I 09 ROST A7 DL IE , DA SE A [a] RUBE R AR Rl (EZ 7
BTG R RS AL EAR B PE ERME 5 R HEREE R

AWFFETIA—FhEIHT I SO R B 2 FoRAEBEER Dysample , i8I T SRR A BE 1) 1R
LB 7 Fis . B SR — RS RN R CxHXW BRFAEBE ST X RN 28 8l 248 RAE SU2E Bas AR i Ky
2gxsHxsW I RFEEE S, ORG24 grid_sample pREUE T ASCRATEAE A AL ERERRAE LR X JHTRAT R/
J CxsHxsW B X' TZﬁ*ﬁﬁﬂ:—ﬁt<4)ﬁﬂ?

X' =grid_sample(X,S) (4)

X S XI5 o RUR R AE RS X FORAESE S CRARJS HFRIE X,

SORMESE S 2B SR A AR E L, 158, 4 FoRAELLII I 7 o FRIERRSR X, X 280 A 8
BHIN C F2gs” FIERTEZ A R /N R 2gs* xsHxsW ) RES & O, F38 3318 E B4 (pixel shuffle) B H K
INEEIR Ny 2gxsHXsW e FCRFEEE S e it O SIS RAEIRE G 2, BARRR = (5) F1(6) i



936 [EZI S S A NI S £ 49 &

O =linear(X) (5)
S=0+G (6)
0.6 3R U AL TR A6 SR AL R A

e o e e e e S e e e S e e e S e e e S e s i i

| B R |
| Dynamic upsampling module sample set .
I i
! Sample point $H s )
: generator :
I I
H £ sW :
I I
| 7 x |
I C !
i Wl |
I I
I I
e 1
D BRI AR :
1 Dynamic sampling point generator [
: sH G :
| |
I I
H
: — 050 w28 :
! linear . )
I wo2gs H pixel sH I
i shuffle C S i
H 2
: ¥ : W 2gs o = !
! linear :
I I
I |

Bl 7 Dysample R E
Fig. 7 Dynamic module structure diagram
W S5 So80s AHEE S 08 RE s oW 8 R P8GR0 P09 X0 TR G P69 30050 X S 8R4 R I X 4 % B
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of the output feature map ; C indicates the number of channels in the corresponding feature map ;X is the original feature representation; X’ is

the sampled feature ;o is the dynamic upsampling scale factor;S is the point sampling set.

ABFOT SRR Dysample, JECR 1T + 1) AR 0 o] (A5 404 0 1 SRR 7 05 415
FRIEEARE ), 5 S EUR B RS A G % SR R0 25 RERL 32 DL S0 | 060, 45 20 1 RRAE IX 930 32
Dysample 2125 FRAEMIEL ) 5] A G SR T T AR RRAE A0 4075 15 B 2, PR IE T RS AR R 1R ) G
2) Upsample S RAEFBHARGEAR R 25 B0 S5 B RE FRAEAZ , TEAL BRORPRL 3 A1 955 5 HLAZ 4 i Fei Rl 4]
G5 BRI, BT s R T E R 338 LRI Dysample 85 AT R0 HIAE L X Fh &2
HeME  PE A BRUR AR T

3 ZRESM

3.1 RN 5E
311 RBFEERINESEH ALK TE Ubuntu 20.04.6 LTS ( Linux) #:4E 245 F#47, CPU 4 Intel (R)
Xeon(R) CPU E5-2686 v4,GPU 4 Nvidia GeForce RTX 3090, /7 24 GB, >R PyTorch2.2.1 IR JE - I HE
BRILT Python3.11.7 TR F RS, i 2B 2849 Cudal2. 1 j]l]li GPU, & H SGD ( stochastic gradient
descent) LA A AR RY I 5 | AR B AR R BB AT BEPE . VRS B0R0E nsk 1 s .

*x1 lEGsH

Table 1 Training parameters

¥ Parameters B(H Values ZH0 Parameters B8 Values ¥ Parameters $0{H Values %0 Parameters HH Values

Epochs 300 Img_size 640 Momentum 0.937 Patience 100
Batch 8 Max_det 300 Weight_decay 0.000 5
Workers 12 L0 0.01 Warmup_momentum 0.8

3.1.2 FEMIERR RAENR P(precision, %) . A R R (recall, %) F-2I45 BE H#1{H mAP ( mean average
precision , % ) A A7 1 A Y AR BE 0 o an =l (7)—3K (9) B O 7 N i & FLOPs ( floating point
operations , G) . S %1z ( parameters , MB) A% K /N (model size, MB) | fiii# % FPS(frames per second,f+s™')
VERBRIVEREPEN 545
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T,

T, +F,

P=

x100% (7)

TP

T,+F,

R=

x100% (8)

P
n 1
| P(R)dR
mAP= """ x100% (9)

K T B IERA R I REAR L P SR I A AR B Fy O A9 1 B A T PO RE A K n S 28 51 8,
AT IFRIEI N SRR OB 2 B 4 =2,
303 BUBBMHMTRARERMINE LT Shapley (I SMHFH RULAMHT T 4 WOl BES A0 3 TR
TENLER2= 2, Shapley {H 43 B9 2222 FH T 2 A 45 hotE RS B X 52 1 A4 BB 8 A 9 X [0 BT#IK , Shapley {H 11
AN (10) Fis
6= 3 BTN U L) ()] (10)

A, TR i (1) Shapley {H ;i {CFRBR I AL E  f055 CCFF . GSConv , Dysample 53t ; N F7R Ir /5 16
WS ;S R IHIE i B9 F 4 n FRoRBSEUR , AR n=3; 1SI1 TR FE S h RIS
v(SU i} ) R4 S IMAB i J5IPERBTE PR E ;0 (S) R F4E S ITERETE bRiE.,

FELRIERG BERTHE T, 25 (RS A h S0 30 I 75 Wt 2 ASE I S A P 5 2, DR I 2 7. Bk B8 Ak o B v it 5
mAP@ 0.5 1 FPS {E A PERETE bR, 23 BCAE YN 0.5, AU 9254 Shapley fEH AN (11) FiR,
i +0.55% ¢ (11)
MaxFPS MaxmAP
X % FRIMAUG 454 Shapley {8 ; MaxFPS . MaxmAP 43 53877 1 Gl 56 57 5 414 v 19 55 i 3 1
i MK mAP@ 0.5 3455 , A4 T Al e 25 5, BUE 43310 11.,0.3,
314 KBELEKRNEBIFMEIEIR KRS 3 (rice seed setting rate, RSSR) . & A EL (total grains
number, TGN) | SZR%] (filled grains number, FGN) J 75 it i £ (unfilled grains number, UGN ) Z [0] & R 1A
A= (12) iR,

¢ =0.45%

FGN FGN
TGN~ FGN+UGN

Rtk E AR N FHPERE , FFIAREARDGT 1 100 TR A d PSR NS 2] 1) S 850 (SEni 8 25 RERLEL
SR S5 528 TN 5 SEBR (ST ARG HERRL , Ff R PEE R coefficient of determination,R*) (3477
HR1%2Z (root-mean-square error, RUSE) 4%} H 43 [ iR 22 ( mean absolute percentage error, MAPE) ~F-1%
%% %22 (mean absolute error, MAE) AT VPAN , Ze3A 2040 1= (13) —2(16) s,

RSSR= x100% (12)

Z,(y; _&i)z
RZ:I_ n Li] n (13)
2 (yi _5/;')2 + 2 (5’1 _5/1')2
i=1 i=1
[ .
RMSE = JRZ(%-%)Z (14)
i=1
1 & .
MAPE= 3, y‘yy‘ x100% (15)
i=1 i
1 & .
MAE:; 2 ly;=y: | (16)
i=1

o IRy, vy, SR AR R AR R A5 SO0 I ) S (L T R (R AR 44
32 RERKBERSHW

3201 ERERSIMEEEXTEL  IRIE RSSRP_YOLOvS A HUAH LB T E R A IIAR Y () A i i | % 660
PR S AR HEA TN, LUKS A B2 4 1R .mAP@ 0.5 .mAP@ 0.5~0.95 7% i 540 S 8 BRI/
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VERPE MY 46 b, JF 28 ] — DK 48 5 3= 0 B A5 A I B &Y Faster _ RCNN | rtdetr-1, YOLOv5s, YOLOV7
YOLOv8n,YOLOv8s ., YOLOv10s" ™ #EA7 % FLi B, i B0 45 SR A 6 2 FTR, Faster R-CNN A5 BUKE B2 451K, 43
it S R AT e R B2 B A i S X /s B A i ( anFE AR ) O MR R PR . AH LE TR AR YOLOvSs £
R HGHA RS RSSRP_YOLOVS AT fiia Bt S FIA T R /N BIREAIR T 26.22% ,42.86% \42.22% , k5
iR R mAP@0.5 MR E T 0.7% .0.6% .0.3% , )45 mAP@ 0.5~0.95 [ 0.5% , {H LR il A BE
TR 0 BRI TR R T A ek By T AR B T A Tk o A bE T A 3= A A | e A
1 RSSRP _ YOLOv8 Xif & FUkF ki 15 531 A9 K 3 & b Faster _ RCNN | rtdetr-1, YOLOvSs, YOLOv7, YOLOv8n
YOLOv10s 433355 39.7% .17.2% 3.0% . 7.7% .6.5% . 1.3% ; 4 AR 43 55 5 42.5% 16.7% 4.8% .9.2% .
5.9%.2.1%; mAP @ 0.5 43 532 5 34.8%.19.1% .2.4% .6.1% .4.1% .0.7% ; mAP @ 0.5 ~ 0.95 43 5|42 &5
32.0% 37.9% 3.5% 12.4% 7.1% 1.3% ; P 5 B R R /INAH FE T SUB B H A A% 1 52 1 Faster_ RCNN |
rtdetr-1 43 5IBEAR T 309.6 F1 51.7 MB, #H LL T ERL B Be 5% YOLOvSs, YOLOv7, YOLOv10s 43l FEAR T 1.4
60.1.3.2 MB, AJ I HSCHE AR FEAT: 5545 BE 2SR RN SA: ) &R 58 Jy T MU R -7, B T et Aop ok Uit A
BB 45 SR A
®2 FEEBILRBER

Table 2 Comparative experiments results of different models

i) R LLE L A ¥kt 01/
Vs e e mAP@OS/% mip@0s-055/% RN SRR
Faster_RCNN 55.9 51.7 63.4 41.4 240.1 42.1 322.6
rtdetr-1 78.4 77.5 79.1 35.5 107.4 32.1 64.7
YOLOvSs 92.6 89.4 95.8 69.9 16.0 7.0 14.4
YOLOv7 87.9 85.0 92.1 61.0 105.1 37.2 73.1
YOLOv8n 89.1 88.3 94.1 66.3 8.9 3.2 6.3
YOLOv8s 94.9 93.6 97.9 73.9 28.6 11.2 22.5
YOLOv10s 94.3 92.1 97.5 72.1 24.8 8.1 16.2
RSSRP_YOLOv8 95.6 94.2 98.2 73.4 21.1 6.4 13.0

Sy ST AR ARG T AR R o SR ) RSSRP_YOLOV8 5 3 37 E bk IS 751 Fy A 0 235 R 36 4 7]
AL L, A&l 8 7R, Faster RCNN FE R (1 11 SFAE T2 (57 F0RG v , LI AG B 42 7™ 5, S A 1701 38 24 ™ 7 1Y)
FERL; rtdetr-1 PRIRE BE BT (HAAAE T A AN E A R 42 ; YOLOVSs (19 F 4G I G 80y 7™ H, HLAFAE /D B30 Ao B
%5 YOLOVT AN AE A I G ™ 8, X6 I PFF R AR T ASH 17 0 5 YOLOV8 R B AR A I AUR 8241 B AAE I
KP4, YOLOv8n AR BUAFAE 2 AbTs S, YOLOv8s A BUAFAE 1 AbIAS ; YOLOV10s #5122 BOkF A A I 15
FE IR TR R 255X L, RSSRP_Y OLOVS A5 fit 16 I 24 S B A
3.2.2 HELRIE DL YOLOv8s AR AMIAY, DAL 4 3 mAP@ 0.5 mAP@0.5~0.95 V% iz,
SR RN WERIE N PEN AR bR, R FH 2B R AL 07 AT T Al . & 3 mI1. 5 %5 CCFF
B2 1) FE ARSI A 23 J— 2 ORGSR S 38 AR T B R S R /N 4 T T RS A T 1 g, A5
RIFINGEAIG 34.2% , A MR A 57 15.5% 5 GSConv BT | ASZEL T AU F4 546 D4 B ) SR B2 T, 4%
PEREFE PRI FTHETE ;51 Dysample A5HRH A5 A AG I R0 52 Wi 55, R I TR BTG 4.19% , (0 FL7E RS FE 42
THF AR LT 5 GSConv BEHAH 24, 7615 % CCFF A5 He 45 b 5 A4 15 780 i KLl |, 51 A GSConv FI
Dysample fRBR  HIRETRAME I A AE BE 5125, mAP@ 0.5 43 H134 0 0.4% .0.5% , = 4 -& i n] 7 308 4
RURS R INRCR , mAP@ 0.5 i 0.3% AR K /INEAIG 42.2% , Kl iR 2157 5.9%

LE A TH A 45 R A ST Ad ] Shapley (BT &AL 04T T 45 BB ( CCFF |, GSConv , Dysample )
X OCHEPEREFE PR (mAP@ 0.5 FPS) Byl 37 STHR B, 414 4 iR, CCFF, GSConv , Dysample fHfY ¢
B3 5129-0.07.0.20.0.20, ! 43514 5.84 .2.48 . —4.72 & {H 43514 0.148 8.0.446 1.0.118 8,

5% CCFF B F A TR LRSI M R P T DTl B d K, o> (0 5.84  (HX AR BNE B2 1) o iR
B, PR T 435 60 T AR R T B A 5 [R) B, Dysample ARCHR X AR RS B2 $2 7 5Tk (655 GSConv AR HLAH Y
M7 (A 0.20 , H XA RS I 5k TR A A7, DR S5 A R R AR R 25 A (i F 5 GSConv BB PR -
X R IR B R R A AG E 8] DRk, ™0 (O 0.20, )™ (5N 2.48, ZEA N HL A B (AL Shapley {8,
GSConv B XTI EIVEREA 12 1F M 510k, 677 (54 0.446 1, 8CR B4, CCFF 5 8 Fl Dysample £55 5 X 45
RIS E PERESR T — & TOBREE | (B9 45 & HA B He A 5000 14 e 7 i 52
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Original figure

Faster
R-CNN

rtdetr-1

YOLOvVSs

YOLOV7

YOLOvS8n

YOLOVSs

YOLOvI10s

RSSRP_YOLOVS8

HHFEAFRIARSIN Japonica rice grain detection

O Jw#: Missed; O i34 Misdiagnosed; — ki Rediagnosed

HIFEAFAIASI Indica rice grain detection

B8 HEWMILRIILL

Fig. 8 Comparison of model detection

Table 3 Ablation experiment results

R3 HMABEER

T K/ % BIR/ %

Wi FPS/ %588 5/6B S%50E/MB %I k/\/MB

Models Precision Recall mAP@0.5/%  mAP@0.5~0.95/% (f-s7") FLOPs Parameters Model size
YOLOv8s 94.9 93.6 97.9 73.9 61.3 28.6 11.20 22.5
YOLOv8s+A 94.3 93.3 97.6 72.5 70.8 23.2 7.30 14.8
YOLOv8s+B 95.5 94.0 98.1 74.1 65.3 26.4 10.00 20.3
YOLOv8s+C 95.5 93.9 98.0 74.1 58.8 28.7 11.20 22.6
YOLOv8s+A+B 95.4 93.9 98.0 72.8 72.3 21.1 6.35 13.0
YOLOv8s+A+C 95.3 94.3 98.1 72.6 64.4 21.4 6.50 13.3
YOLOv8s+B+C 96.0 94.2 98.2 74.5 63.2 26.4 10.00 20.3
YOLOv8s+A+B+C 95.6 94.2 98.2 73.4 64.9 21.1 6.36 13.0

T A BLC 43 HIFE/R CCFF,GSConv Dysample #53, A B, C in the table indicate CCFF,GSConv, Dysample modules.
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Table 4 Quantitative analysis of the independent contribution of improvement modules
K e FUFE T Weighting factor FEPRHE 25 Metric gain
L SN [v(SU{i})=v(S)] mAP@0.5 FPS Lif
Module i Subset S 1811 (n=ISI-1) 1 bi ¢; ¢;
n! AmAP@0.5/% AFPS/(f-s7")
) 0.333 -0.3 +9.5
AR { B} 0.167 -0.1 +7.0
(CCFF) {Cl 0.167 +0.1 +5.6 0.07 584 0.148 8
{B,C} 0.333 0 +1.7
é 0.333 +0.2 +4.0
B itk [Al 0.167 +0.4 +1.5
(GSConv) {C} 0.167 +0.2 +4.4 0.20 2.48 0.446 1
{A,C} 0.333 +0.1 +0.5
) 0.333 +0.1 -2.5
C Btk {4l 0.167 +0.5 -6.4
(Dysample) | B} 0.167 +0.1 -2.1 0.20 4.72 0-118 8
{A,B] 0.333 +0.2 -7.4

TR AR [0 (SU i) —(S) 13N T4E S INAKIH ¢ J5 ik RESS

represents the performance metric value after adding module i to the subset S minus the performance metric value of the subset S.

3.3 KTEREEBALERMAMERS T

3.3.1

PREIRZE T 4E S BIPEREFEARIE . The metric gain[ o(SU {i})-v(S) ]

FREBTEEARR LR MEREXT L VA AN I PERE , R U RSSRP_YOLOvS 5%

A 56 ok BE A 1Y YOLOVSs . YOLOvV8s . YOLOv10s R RIS JF 4G 1 100 KA f B4 1) STk 8 23 bR 5 AL
2R SR S5 SR AT % HE AT, 4% S50 ot HE IR 1R 9 Bz . RSSRP_YOLOvS #50 Xf A [] 2 85 ( Sk

¥
N

RSSRP_YOLOv8 YOLOvV5s
200 [1=0.971 8x10937 6 200 [y 061 0x-3470 5
R=0.990 3 R=09759 /7
160 - Rasse=3.05 160 - Rrusse=s.07 %
& MAE=2.09 MAE=3.98 .
> 120 MAPE=227% 120 - MAPE=435%%"
£ sof / 80 - ~
A y
0r 40r
0 - I I 1 1 I 0 £ 1 1 L 1 J
0 40 80 120 160 20 0 40 80 120 160 20
TFGN/i TFGN/kiL
200 [¥=0.960 5X+1314 2 200 Fy-y 123 5x43.518 5
R=0.995 7 R=0.9758
160 - Rysse=2.58 160 | Rrasse-1048
& MAE=1.77 MAE=8.87 . /.
> 120 F MAPE=4.39% 120 - maPE=23359¢>"
S sof e 80 -
a
40 - 40
0 1 1 1 1 ] 0 ~ 1 1 1 1 J
0 40 80 120 160 200 0 40 80 120 160 200
TUGN/kL TUGN/kL
100 Fy 004 8x-0.661 4 100y 040 0x-6.415 5
R'=0.996 0 R'=0.965 4
80 RussE=124 80T RusE=4.51
o MAE=0.92 MAE=3.78
S 60 - MAPE=1.429% 4#* 60 - MAPE=5.82% .
£ 40t & 40 +
20+ 7 20+
0 - 1 1 1 1 ) 0 il 1 1 1 1 )
0 20 40 60 80 100 0 20 40 60 80 100
TSR/% TSR/%
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200 Fy_g 043 202,319 1
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MAE=322 &
120 - MAPE=339% .7
80 P
40F
0 - 1 1 1 1 )
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TFGN/fi
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Fig. 9 Comparison of prediction results with different model parameters

PFGN ,PUGN PSR 73331127 SR SO HUMIMEL 2 OB RIS 25 S A4S0 B ; TGN TUGN TSR 23 3|27 Sl K B i 28 b RS

255 SPR{E, PFGN,PUGN,and PSR represent the predicted number of filled grains, predicted number of unfilled grains,and the predicted setting

ERURE SR IS ROR B4 . YOLOvSs BERULS ROR B 22 , 105 Ao T S8 PRk J7 LA B 4
AT D DR AR TR AR 14 T A2 P50 3 BT ORI 2 RS FHEIN (L O A , L2 OB FoU0M 5 2 T v 5

YOLOvV10s
200 ry—g.44 1x+2.119 6 B
R=09773 S
160 - passe=4.98
MAE=332 p
120 - MAPE=353% .+
80 - v
P —= 1:1 true line;
40F -~ Fit line
0 N 1 1 1 L |
0 40 80 120 160 20
TFGN/KL
200 [¥=0.950 0X+2.816 1
R'=0.982 0
160 Rruse=3.67
MAE=2.53 pd
120 - MAPE=6.90% 7"
80 |
- 1:1 true line;
40 — Fit line
0 1 1 1 1 J
0 40 80 120 160 200
TUGN/kL
100

[ Y=1.006 6X-1.698 6

R=0.984 5
80 RMSE=2.09
MAE=1.62
60 MAPE=2.47% 4"
40 -
== 1:1 true line;
20¢ 7 — Fit line
0 ~ 1 1 1 1 )
0 20 40 60 80 100

TSR/%

rate, respectively ; TFGN , TUGN ,and TSR represent the true number of filled grains,the true number of unfilled grains,and the true setting rate.
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LU 152 2% | 35 R SR TN A B AR /)N, 12 1 AT AE TG SO H RS 43 B v A5 21 EHIE ; #1328 T YOLOvSs %
A1 YOLOv8s 1 YOLOv10s B AIX] 2 SPGB EAF ABATIAS S st , fF A8 RSSRP_YOLOVS
TESRL A RURL 45 SR e ZEL(R?) ¥9353 0.99 LU | #4975 MR 2% (RMSE ) 4351 4 3.05 ki .2.58 i Fil
1.24% 35 = H AL N SN B AR IR 1R 22 (RMSE ) 43 BIFAI 1 1.87 A% 1.09 K0 FN 0.74% 5 ~F- 34144
XFIR2E(MAE) 2 2.09 Ki 1.77 KiF 0.92% , B EARST HIFEAR T 1.13 K2.,0.66 KL F1 0.56% ; -3 246%F H 47 L
B2 (MAPE) ] 2.27% 4.39% 1 1.42% , 43 %MK T 1.12% .1.91% K1 0.87% ,

332 TEEEIERMNERST NERS FE6 nl . i TR REEA R R L HESHE
T PR HORIRE 25 2 B0 158 26 (1 5O e DK 5 e 5 it P A [ o e B e A ST 0 T D 285 SR 40 (A i s
P /L, 25 RURL T 25 SR XA A D G 5 A R, o) LU AR R D s PR 5 A I PR & 3, % 5 02 Pl T AR AR
AR 5T 4 AT, A T E SR 2 8 W BRI 43 SR 5 28 RN T 285 1 BEAR R, BB R 1R 1 3k A et U Sy 23
FRLJIT B8, 326 A0 2 295 S5 3R P00 455 SR P47 050 D s i O 2 1 Dot AL A0 e 5 0 s R A R 5 0000 45 SR 240 4 it
TREAE w7V | S B TR Y H e I I R A AR AR R BEFON BT AR, BRI, A AL et RS
[ 235 S5 3R I (R0 152 25 Y TE 0.5% LAPY B8 (R AP RN FH RE 7 38K 01-, PTG 2 22 B 1) | 22 i b 485 S 8 S s
FNFE K .

*5 BFBHESIT
Table 5 Statistics of original data

ZH 5 SORIEL Filled grains numbers ZEHERIEL Unfilled grains numbers
Groups Max Max * Min Min * Mean Mean * Max Max * Min Min * Mean Mean *
Al 126 126 30 30 82.42 81.25 103 108 24 27 67.78 68.22
A2 113 113 24 24 79.05 78.75 82 79 11 11 46.65 46.75
A3 142 142 22 23 83.85 83.39 67 67 9 10 33.80 34.02
Bl 141 141 44 43 90.72 90.03 67 69 7 33.49 34.17
B2 142 142 51 48 89.94 88.83 58 61 5 5 25.69 25.96
B3 129 128 33 34 79.56 78.88 75 73 9 25.88 25.75
Cl 187 181 43 42 116.04 114.73 104 103 2 2 36.25 37.09
C2 161 157 50 50 96.09 94.82 63 61 14 13 33.83 34.18
C3 156 154 44 43 99.26 98.38 43 46 2 2 18.51 18.58
D 190 188 26 22 98.34 93.08 163 155 13 13 78.13 74.33
E 188 178 32 28 107.19 101.85 131 122 17 15 73.15 69.87

TE:A B C /M BERG ML ( FRE 46° * B 818”  THE 8 5 ) ;D E A3l RIAs il (R 2172  JUMREOR22” ) s FARELT 1.2.3
S SR REAN T S 407 (LA I 20T S22 0T) o Max Miin Mean 43531 2708 8 B2 B0 A 0308 1) e R 1L e/ IMEL 299D s Ml ™
Min * Mean * 4331|275 RERE 2 B0 I K038 1 e RoABL B /IMEL 2., TR, A,B,and C represent Japonica rice varieties ( ‘ Nanjing 46’
‘ Jinjing 818" ‘Ningjing No. 8’ ) ;D and E represent Indica rice varieties ( * Xinliangyou 2172 * Jiuyouyuehesimiao’ ) ;The subscript numbers
1,2,and 3 represent different maturity stages of the rice panicle (milky stage,wax maturity stage,and full maturity stage). Max, Min, Mean
represent the maximum value ,minimum value, and mean value of the original rice panicle parameter data;Max™ ,Min* ,Mean " represent the

maximum value , minimum value ,and mean value of the predicted rice panicle parameter data. The same as follows.
*o6 MBI RSt

Table 6 Statistics of model prediction results

ZH 5 SR Total grains numbers ZESIR /% Seed-setting rate

Groups Max Max * Min Min * Mean Mean * Max Max * Min Min * Mean Mean *
Al 201 195 80 79 150.20 149.47 79.66 77.31 30.36 29.77 54.79 54.25
A2 175 173 35 35 125.70 125.50 86.92 86.92 50.63 50.31 63.30 63.18
A3 170 171 36 36 117.65 117.41 89.09 89.09 51.35 52.21 71.45 71.22
B1 175 177 79 79 124.21 124.20 92.45 92.16 46.67 45.76 73.43 72.88
B2 165 164 64 64 115.63 114.79 94.17 95.08 55.34 52.71 77.92 77.47
B3 165 164 54 54 105.44 104.63 96.52 96.49 47.55 48.23 75.97 75.86
C1 242 237 85 86 152.29 151.82 98.32 98.33 50.59 48.84 77.10 76.53
Cc2 185 183 78 79 129.92 129.00 89.44 90.58 51.33 51.79 73.61 73.12
C3 165 166 71 71 117.77 116.96 97.56 97.56 55.70 53.75 84.03 83.83
D 311 305 81 75 176.47 167.41 87.25 86.73 28.89 26.72 55.52 55.31
E 262 252 91 84 180.34 171.72 89.51 90.06 31.25 30.76 59.27 59.14

HE—25 XA 25 SR T IR 220 M (38 7)) RIS P00 77 T R R ORI RS 0 S X8 4 X 1% 2 40 ) e
2 KiFN 6 K LAV, X450 1 43 AR 2543 BIAE 2.50% F1 6.00% 22 P4 5 23 A okr 70 5 1, 5% ¢ B RE 46 (b AL,
BT 4 xR 25 e 2 kiAh , HAE ARG AE 2 R LAY, MRS SRR TE 4 B2 DAY S 48 % 4 HeiR 22 H 4R
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FHTE 5.00% Ze A7 3 45 S22 0 05 ThT , 45 it 4% L P 25 28 0 iR 22 I 78 1.00% 727, S 4 0] 1 o3 He iR 22
TRAFLE 2.00% 747, BT RRIRZEDRIFAE 1.50% 7 A7 o 23 RIRL AR TR ] TR 23 it 2 et Rl i o e 2 04 o o i v
BESLAREEIE Z A, 73 W S DT T R R R B4 728 ¥ s | SR 5 23 RURE =2 18] Y RRAIE 22 S 28 1 R
AR BT 5 X 7> — 3, iX 53R 5 3R 6 45 R I3 Hr— B0, UESE T RFRLRR Ak AR AR X A5 BR300 52 1)
S,

x7 BEEBMAUERREN

Table 7 Errors analysis of model prediction results

L S Filled grains ZSHERE Unfilled grains ZESIR Seed-setting rate

Groups MAE MAPE/ % RMSE MAE MAPE/ % RMSE MAE MAPE/ % RMSE
Al 1.87 2.46 2.42 2.10 3.11 2.95 1.19 2.38 1.56
A2 1.00 1.23 1.56 1.46 3.24 1.86 0.93 1.48 1.19
A3 1.12 1.38 1.59 1.44 4.48 2.00 1.08 1.55 1.39
Bl 1.17 1.32 1.73 1.26 4.16 1.85 0.93 1.30 1.30
B2 1.37 1.55 1.98 1.03 4.42 1.47 0.90 1.21 1.31
B3 1.08 1.40 1.76 0.95 4.38 1.31 0.77 1.03 1.03
Cl 1.87 1.61 2.45 1.70 5.47 2.54 0.97 1.33 1.35
C2 1.67 1.80 2.20 1.29 4.16 1.71 0.95 1.31 1.24
C3 1.24 1.25 1.79 0.79 4.61 1.31 0.65 0.80 0.98
D 5.26 5.80 5.66 3.94 5.16 4.55 0.78 1.52 1.03
E 5.34 5.11 5.93 3.52 5.09 4.27 0.96 1.72 1.19
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Fig. 10 Misjudgment of grain sample type
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